Tool vibration and surface roughness are two important parameters which affect the quality of the component and tool life which indirectly affect the component cost. In this paper, the effect of cutting parameters on tool vibration, and surface roughness has been investigated during end milling of EN-31 tool steel. Response surface methodology (RSM) has been used to develop mathematical model for predicting surface finish, tool vibration and tool wear with different combinations of cutting parameters. The experimental results show that feed rate is the most dominating parameter affecting surface finish, whereas cutting speed is the major factor effecting tool vibration. The results of mathematical model are in agreement with experimental investigations done to validate the mathematical model.
Introduction
Due to its capability for enhancing product rate coupled with desired product quality, high-speed machining has gained popularity in manufacturing industry. However, higher values of cutting parameters used in high-speed machining adversely affect the surface roughness of workpiece and tool vibration. Tool vibration further lowers the component quality and reduces tool life. Empirical models can correlate surface finish, tool vibration, and tool wear to the machining parameters for machining of EN-31 die steel machining with tungsten carbide tool in high-speed machining.
Kline et al. [1] investigated the effects of vibration, deflection, and chatter of the tool workpiece system on roughness in end milling. Hamdan et al. [2] investigated the machining parameters like speed, feed, and axial depth of cut with dry and wet machining in high-speed machining of stainless steel using coated carbide tool for better surface finish. Suresh et al. [3] focused on machining mild steel by TiN-coated tungsten carbide cutting tool for developing a surface roughness prediction model by using response surface methodology (RSM). A genetic algorithm (GA) was used to optimize the objective function and the results were compared with RSM results. Kumar and Thirumurugan [4] introduced Taguchi's robust design method suitable to optimize the surface roughness in milling of die steel. The significant factors for the surface roughness in milling process were the spindle speed and the tool grade, with contribution of 30.347 and 29.933, respectively. Zhang and Chen [5] demonstrated a tool condition monitoring approach in an end milling operation based on the vibration signal collected through a low-cost, microcontroller-based data acquisition system. The examination tests of this developed system had been carried out on a CNC milling machine. Experimental studies and data analysis were performed to validate the proposed system. Routara et al. [6] investigated the parameters the influence of machining parameters on the quality of surface produced in CNC end milling. Experiments were conducted for three different workpiece materials to see the effect of workpiece material variation. It was found that the response surface models for different roughness parameters were specific to workpiece materials. Cui and Zhao [7] investigated the cutting performance of coated carbide tools in high-speed face milling of AISI H13 hardened steel. Chip morphology, tool life, tool wear mechanisms, and surface roughness were analyzed and compared for different cutting conditions. It was found that as 2 Journal of Optimization the cutting speed increased, the chip morphology evolved in different ways under different milling conditions. Raju et al. [8] reported an integrated study of surface roughness and cutting parameters in end milling of 6061 aluminum alloy with HSS and carbide tools under dry and wet conditions. Genetic algorithm (GA) supported with the regression equation was utilized to determine the best combinations of cutting parameters providing roughness to the lower surface through optimization process. The value obtained from GA was compared with that of experimental value and was found to be reliable. Prajina [9] focused on RSM for the multiple response optimizations in CNC end milling operation to get maximum material removal rate, minimum surface roughness, and less force. In this work, quadratic equations were developed for cutting forces, surface roughness, and machining time considering the spindle speed, feed rate, depth of cut, and immersion angle as the cutting parameters using central composite design. Wang and Chang [10] investigated surface roughness in slot end milling of aluminum, whileÖktem et al. [11] analyzed the optimum cutting condition leading to minimum roughness ( ) in end milling by combining RSM with neural network and genetic algorithm for Al and plastic mold parts. Rahim et al. [12] developed vibration measuring unit using a micro electromechanical system accelerometer, and experimental tests were carried out to characterize the device and the preliminary tests proved that the developed measurement unit was capable of sensing, measuring, and condition monitoring. Chen [13] studied the cutting force and surface finish during machining of medium hardened steel (45-55 HRC) using CBN tool and concluded that thrust force was the largest among the three cutting force components.
It is found from the literature that machining parameters like feed rate, cutting speed, and depth of cut influence both surface roughness and tool vibration. The research was mainly focused on determining the cutting force, tool wear, and surface roughness of the milling process. A few studies have been reported to minimize the tool vibration during machining. The main objective in this work is to find out the best combination of machining parameters in high-speed machining of tool steel using tungsten carbide tool to achieve low tool vibration and surface roughness. For this purpose mathematical models have been developed using the experimental data and developed models are tested for adequacy.
Methodology
In this work, response surface methodology (RSM) is used to develop mathematical models of tool vibration, surface finish, and tool wear. The main purpose of developing mathematical models with respect to machining responses and their factors is to optimize the machining process.
Experimental Design.
For an experiment 3K full factorial orthogonal array was used in order to get the output data uniformly distributed all over the ranges of the input parameters. The orthogonal array was chosen because of the fact that a minimum number of experimental trials were required which was more efficient in handling large number of factor [14] . The three main selected parameters, cutting speed, axial feed, and depth of cut, were then coded to the levels from minimum to maximum.
Workpiece
Material. EN-31 tool steel has good hothardness and toughness which covers a wide variety of industrial applications such as die casting, extrusion, hot die forging, and extrusion mandrels. It gives high temperature strength and good wear resistance. Plate of EN-31 steel of size 110 mm × 100 mm × 30 mm was used in this study. The workpiece material had hardness of 35 HRC. The nominal chemical composition and material properties of EN-31steel are given in Table 1 .
Cutting Tool.
The cutting tool used in the milling operation has a milling cutter of 40 mm diameter. The technical details of the milling cutter used in CNC milling are given in Table 2 . Figure 1 shows the assembly of tool holder along with tool cutter used in CNC milling operation. In this experiment, two-bit cutter has been used. All the experiments have been performed on CNC milling machine of VM-10 of HURCO made. of arithmetical mean roughness ( ) was measured by surface roughness tester SJ 301 of Mitutoyo. The average value of three measurements of surface roughness was used as response value. The sampling length of the tester was adjusted to 4 mm (max). (1)
Tool Wear

Cutting Tool Vibration Measurements.
The experiments were conducted on CNC milling centre. The machining was done with two-bit high-speed cutter under dry condition. A three axis accelerometer was attached to the spindle of machine in order to find out the acceleration vibration amplitude of cutting tool in -, -, and -axes as shown in 
Development of Mathematical Model
In this work, mathematical models have been developed using experimental results with the help of response surface methodology. The purpose of developing mathematical models relating the machining responses and their factors is to facilitate the optimization of the machining process.
Generation of Model.
Response surface methodology (RSM) is a combination of mathematical and statistical techniques useful for modeling and analyzing the problems in which several independent variables influence a dependent variable or response. The mathematical models commonly used are represented by
where is the machining response; is the response function; , , and are variables; and is the error which is normally distributed about the observed response with zero mean. The relationship between surface roughness and other independent variables can be represented as follows:
where is a constant and , , and are exponents. In order to determine constants and exponents, the mathematical model was linearized by performing a logarithmic transformation as follows:
Journal of Optimization 5
The constants and exponents , , , and were determined by the method of least squares. The first order linear model, developed from the above functional relationship using least squares method, is as follows:
where 1 is the estimated response based on the first-order equation; is the measured surface roughness on a logarithmic scale; 0 , 1 , 2 , and 3 are logarithmic transformations of cutting speed, feed rate, and depth of cut, respectively; is the experimental error; and values are the estimates of corresponding parameters. The general second order polynomial response is as follows:
where 2 is the estimated response based on the second order equation. The parameters 1 , 2 , 3 , 12 , 13 , 23 , 11 , 22 , and 33 are to be estimated. The experiment was conducted on EN-31 material for its face mill and the results , , and V were obtained by varying the variables speed ( ), axial feed ( ), and depth of cut ( ). The machinability performances obtained for the milling process were analyzed to evaluate the machinability and formulated in the RSM to develop the prediction model for the performance parameters for the required range of design variables [15] .
In the analysis, procedure for the approximation of the response was achieved by developing by RSM model equation which represents a model of machining response.
The general form of a quadratic polynomial, which gives the relation between response surface and the process variable under investigation, is given by
where 0 is the constant, is the linear term coefficient, is the quadratic term coefficient, and is the interaction term coefficient. The equations of transformation provided variables for coded ( = 1, 2, 3, 4) as follows:
where , , , and are the coded variables of machining parameters. The initial conditions of these parameter start from zero and Δ , Δ , and Δ , the parameter variation intervals. , , and V referred to as ( ), ( ), and ( V ), respectively, are the response functions. The variable needed to develop the response surface models is composed of the investigational design by the collections of observed values. During grouping, the factors are coded within the range of +1 and −1 levels that are produced at the eight key positions; here the midpoint is between the lower and higher ranges of each individual factor. Table 3 shows the level of machining parameters and their corresponding ranges for RSM design ( Table 6) . The model fitness is to decide the proximity of the adjusted 2 with 2 value. Table 4 indicates the nearer value of adjusted 2 and 2 for all cases. The RSM model is required to develop the interaction among the available responses ( ), ( ), and ( V ) and the machining parameters ( , , and ). Table 5 shows the standard three variable RSM models with 27 runs are simulated with experimental responses and the response equations are developed. From the RSM model the empirical model for 27 runs was achieved and carried out in the forms of experiment and the results were observed corresponding to the response design model ( 
Equations in (9) are the required equations of the RSM model for surface roughness ( ), tool Life ( ), and tool vibration 
Analysis of Mathematical Model.
In order to check the response surface methodology design, analysis of variance (ANOVA) was used. Table 7 shows the ANOVA of regression parameters of the predicted surface response model for surface roughness, tool life, and tool vibration. The model fitness for the response parameters, shown in Table 7 , is 2.95, 26.38, and 3.63 for the surface roughness, tool life, and vibration amplitude, respectively. The percentage of distribution for the standard 95% confidence limit is 4.06. The model is within the 95% of confidence limit. It is predicted that the value of , , and V is within confidence limit and the models are found to be significant.
Results and Discussion
Mathematical models were developed to predict the surface roughness, acceleration vibration amplitude, and tool wear by relating them with process parameters such as cutting speed, axial feed rate, and depth of cut. Effects of these process parameters on surface roughness, tool vibration, and tool life have been discussed here. Figures 4 and 5 shows the combined effect of feed and cutting speed on value by varying the depth of cut from minimum to maximum.
Effect of Speed, Feed, and Depth of Cut on Surface Roughness. The response surface graph in
1 represents = = cutting speed (CS), 2 represents = = feed rate (FR), and represents (surface roughness) = value. It further indicates that as the cutting speed increases, surface roughness decreases but at low level of feed that is 0.10 mm/tooth the surface roughness increases. However, at higher value of feed rate 0.2 mm/tooth, value first decreases at the speed from 100 to 140 m/min; then increases as speed increases from 100 to 180 m/min as shown in Figure 4 . In Figure 5 , the response surface shows the combined effect of cutting speed and depth of cut on surface roughness. Cutting speed is represented on -1 axis and depth of cut is represented on -2 axis and is represented on -axis. The trend of response surface shows that value decreases on increasing the cutting speed from 100 m/min to 140 m/min and increases on further increase in cutting speed from 140 to 180 m/min.
The interaction plot in Figure 6 shows the effect of feed and depth of cut on value. It indicates that with increase of feed and depth of cut, value increases. At lowest value of depth of cut, that is, 0.75 mm, value increases with increase in feed rate, that is, from 0.10 to 0.2 mm/tooth, whereas at highest value of depth of cut, that is, 1.25 mm, value increases more with increase in feed rate, that is, from 0.10 to 0.2 mm/tooth. Figure 6 shows value as 4.81 at maximum cutting speed of 180 m/min, 0.2 mm/tooth of feed and 1.25 mm of depth of cut.
In the milling process, the effects of cutting speed, feed rate, and depth of cut were experimentally investigated. It is clear from Figure 7 that the cutting speed ( ) has substantial effect on , tool life, and tool vibrations. It shows that surface roughness ( ) decreases with the increase in the cutting speed. There is significant effect of cutting speed on tool life, as cutting speed increases tool life decreases. It is also found that tool vibration due to the cutting speed is unequally distributed. When the cutting speed is in the range of 100 to 140 m/min, the tool vibration increases, whereas it decreases for the cutting speeds ranging from 140 to 180 m/min. This process resulted in drastic reduction in the tool life and surface roughness, but this also led to decrease in the tool vibration. At low cutting speeds the built-up edge (BUE) is formed and the chip fracture readily produces the rough surface. When cutting speed increases, BUE vanishes and chip fracture decreases and hence surface roughness decreases. Figure 8 shows that the tool life improves with the decrease in cutting speed thereby confirming the classical theory. The interpretation of parameters with RSM actually shows the response with a surface. This method alone can used to analysis and visualize the changes that occur in responses by varying the input parameters. Figure 8 shows that with the increase of cutting speed ( ) and feed ( ) from their lower to higher values, the tool life decreases, which verifies the significance of model of tool life and regression analysis of the equation. Figure 9 shows the combined effect of speed ( ) and depth of cut ( ) on tool life. It is clear from Figure 9 that with the increase of cutting speed, tool life decreases, but tool life decreases at low speed with increase in depth of cut.
Effect of Speed, Feed, and Depth of Cut on Tool Life.
The graph shown in Figure 10 further validates the model, as it shows the most significant effect of feed ( ) and depth of cut ( ) on tool life. It is clear from Figure 10 that with increase of feed, tool life decreases. Moreover, a steep inclination with the highest tool life value in the response surface can be seen in this graph. On analyzing this graph further, it can be observed that the maximum value of tool life reaches 48.723 min. Figure 11 depicts the direct effect of feed on surface roughness, tool life, and tool vibrations. It is evident from Figure 11 that the surface roughness increases with increase in the feed rate and then slightly decreases. There is significant effect on tool life by the speed such that tool life increases with increase in feed and then subsequently decreases. It is also seen that the tool vibration also increases with the increase in feed rate. Hence for better tool life optimum feed rate is 0.15 mm/tooth and for surface roughness and tool vibration lower feed is recommend, that is, at the feed rate of 0.10 mm/tooth. As feed rate increases, the thickness of uncut chip also increases, thereby increasing the force and the work done during machining. Also, the heat was generated and load was found to increase per cutting edge and unit length, which led to increase in tool wear. At lower feed rate the work piece was accompanied by feed marks and producing more surface roughness. So in comparing the minimum and maximum ranges of the feed rates, the 0.15 mm/tooth was found to be optimum.
Effect of Speed, Feed, and Depth of Cut on Tool Vibration.
The response surface graph shows the increase in vibration amplitude value by combined effect of cutting speed and feed shown in Figures 12 to 14 which verifies the significance of model and proves it to be theoretically correct. The response surface graph in Figures 12 and 13 shows the combined effect of feed and cutting speed on vibration amplitude value by varying the depth of cut from minimum to maximum. -1 represents cutting speed = , -2 represents feed rate = , and represents vibration amplitude value. Figure 12 indicates that as the cutting speed and feed increase, tool vibration also increases. However low tool vibration is found at low speed and low feed. As shown in Figure 13 tool vibration also increases with increase in depth of cut. The same affect can be seen by increasing the depth of cut and feed rate as in Figure 14 . Figure 15 shows the direct effect of feed on other output parameters. At lower depth of cut, that is, d.o.c at 0.75, we find lower tool life and tool vibration with better surface finish. With the increase of d.o.c, that is, at 1.0 mm, surface roughness and tool vibration increase, but tool life decreases. Further with increase in depth of cut to 1.25 mm tool life and surface roughness increase while tool vibration remains almost constant.
As the tool approaches approached the workpiece, the vibrations caused in the workpiece were found to be more. As the asymptotic border line of stability reached a vital depth of cut, the vibratory forces in the workpiece were reduced a lot. To reduce the tool wear rate and to keep better surface finish, the depth of cut is to be maintained at the optimum (i.e., at 1.25 mm) though the increase in feed rate provided the low cutting forces according to Ding et al. [16] . Vibrations in milling are induced due to the interrupted cutting operations. The exciting forces are generated by the teeth as it enters and leaves the workpiece. The variation in chip thickness leads to self-exciting vibrations. Effect of cutting parameters, : speed, : feed, and : depth of cut, on tool vibration can be understood by perturbation graph shown in Figure 16 . Graph indicates the slope of each factor for tool vibration. Factor having more slope depicts that factor has more influence on the process. As clear from Figure 16 speed has almost straight line which indicates that it has less significant factor than others, while feed rate and depth of cut have more influence on tool vibration than cutting speed. Figure 17 shows the ramp display of machining parameters for interpretation of optimum solution parameters. The optimum results are obtained to achieve the objective of the study, that is, to minimize the surface roughness and tool vibration during machining. A dot on each ramp reflects the factor setting or response prediction for that solution. The height of the dot shows the desirability of the process. The red ones represent that the component levels move around quite a bit, but the responses remain within their goals, that is, desirability of 1.
Exploring Solutions via Ramps View.
Validation of Model.
Mathematical model of a process has an advantage that we can experiment with the model rather than the process. Invariably the process can be simulated by using the mathematical model with simulation software. The results can often be used to indicate what additional data would be beneficial for refining an existing model to make it more realistic and more useful.
The validity of the model is checked for the levels of the parameter, which has not been included in the experimental design. The validations of the experimental data are shown in Table 8 . It is clearly understood that the error between the actual value and predicted value is 4.89% which also confirms the validity of the model.
Conclusions
In the present study, the machining parameters in CNC milling of EN-31 die steel machining with tungsten carbide tool bit have been optimized using response surface methodology. Full factorial (3K) orthogonal array has been used and twenty-seven experiments are carried out. The primary object is to develop mathematical models based on experimental results, for obtaining low surface roughness and cutting tool vibration. The predicted surface roughness from the model is compared to the values measured experimentally. The optimum cutting parameters for minimum surface roughness and tool vibration based on the analysis of experiment results are cutting speed = 143.6 m/min, feed = 0.1 mm/tooth, and depth of cut = 1.25 mm which resulted in surface roughness of 0.189 and tool vibration of 17.772. The validity of the model Journal of Optimization Tool has been checked by conducting conformity test with maximum error of 4.3%.
